(2) Here we want to generate a simulation sample with 3 replicates, and each replicate is a 5bp long sequence. Therefore, we have J = 5, N = 3. The hyperparameters in orange, µ 0 ∈ IR 1×1 , M 0 ∈ IR 1×1 , M ∈ IR 5×1 are set. n ∈ IR 5×3 in the generative process is given as well. The generative process is: (1) Sample the local error rate µ ∈ IR 5×1 by drawing random numbers µ j ∼ Beta(µ 0 , M 0 ). (2) Use µ and M to sample θ ∈ IR 5×3 by drawing random samples θ ji ∼ Beta(µ j , M j ).
(3) Use θ ∈ IR 5×3 and n ∈ IR 5×3 to sample r ∈ IR 5×3 by drawing random numbers r ji ∼ Binomial(θ ji , n ji ).
Parameter Initialization
Since r ji ∼ Binomial(n ji , θ ji ), the first population moment is E[r ji ] = θ ji n ji and the first sample moment is simply m 1 = r ji . Therefore the MoM estimator iŝ
We take the MoM estimate,θ ji , as data for the next conditional distribution in the hierarchical model. The distribution is θ ji ∼ Beta(µ j M j , (1 − µ j )M j ). The first and second 
The first and second sample moments are
Setting the population moments equal to the sample moments and solving for µ j and M j givesμ
3. RVD2 Estimated Parameters
The RVD2 algorithm provides estimates of model parameters and latent variables given the data. We show several of these parameters in Figure 2 .
The left column of Figure 2 shows the read depth for each of the six bam files (three replicates each with two read pairs) for each data set. Because the DNA was not sheared and ligated prior to sequencing, the read depth drops to zero at the boundaries. For the 100% mutant data set, the read depth drops at the mutant locations. This is due to the parameters imposed at the alignment stage. The reads are 36bp long and we required no more than 2 mismatches. Therefore, reads that overlapped two mutations (spaced 20bp apart by design) and included one additional mutation would not align.
The right column of Figure 2 shows the parameter estimatesM j andM 0 for each data set. M j measures the variance between replicates at location j. There is little variability across positions indicating that the replication variance does not change greatly across position.
The error rate across positions is captured by the M 0 parameter shown as a horizontal dotted line in the plots in the right column. We see that the variation between replicates is smaller than the variation between location. M j and M 0 are precision parameters, they are inversely proportional to the variance. Where M j is greater than M 0 the precision between replicates is higher than the precision across positions. 
Algorithm Comparison Statistics
Figure 3 compares RVD2 with samtools, GATK, varscan, strelka and muTect using Matthews Correlation Coefficient (MCC) (Matthews et al., 1985) . RVD2 achieved MCC value 1.00 when the MAF is 100.0% at all read depth and 10% when read depth is not lower than 260. This indicates that RVD2(τ = 0, N = 1) is more accurate than the other algorithms when the median read depth is at least 10× the MAF. 
Parameter settings for other variant calling algorithms
Samtools. We used samtools (v0.1.19) function mpileup to call variants and bcftools to save the result in standard VCF files. In mpileup, we set the -d option sufficiently high at 10 6 to avoid truncating read deapth. Option -u was enabled to make sure the output bcf files were uncompressed.
GATK. We used GATK (v2.1-8) UnifiedGenotyper function to detect mutations on our synthetic data following the recommended workflow. Due to some format incompatibility, we applied Picard to format read group and GATK for realignment. In UnifiedGenotyper, -ploid (Number of samples in each pool × Sample Ploidy) was set at 1 because our synthetic data is haploid; -dcov was set at 10 6 to avoid downsampling coverage within GATK.
VarScan2-mpileup. VarScan2 (v2.3.4) mpileup2snp is a SNP calling program which takes multi-samples from samtools mpileup pipeline.We assigned parameter -C value 50 as the synthetic data was aligned using BWA and set -d at 10 6 . In mpileup2snp, -min-var-freq, the only non-default parameter, was set low enough at 10 −5 because the variant frequency can be as low as 10 −3 .
VarScan2-somatic. We tested VarScan2 somatic on our synthetic dataset. The parameter -normal-purity set was at 1.00, -tumor-purity at the dilution rate. The parameter -min-var-freq was set at 10 −5 . We combined all the positions VarScan2-somatic called regardless the somatic status (Germline/LOH/Somatic/Unknown) to compare with performance of RVD2.
Strelka and muTect. Since configuration and Analysis for Strelka and muTect is standardized and no parameter needs to be specified, we installed these two programs and ran them on our data set separately.
Samtools mpileup and GATK can accept multiple tumor replicates for variant calling, so we fed six bam files from each case replicate group to mpileup. VarScan2-mpileup takes multiple tumor-normal pair replicates so we passed six pair replicates to each algorithm. Varscan2-somatic, strelka and muTect do not accept replicate data for the normal or tumor bam files so we used a single bam file from each replicate group with a read depth that most closely matched the overall median depth of the replicates. 
